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Accelerated Stimulated Raman Projection
Tomography by Sparse Reconstruction
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Abstract—Objective: Stimulated Raman projection to-
mography (SRPT), a recently developed label-free volu-
metric chemical imaging technology, has been reported to
quantitatively reconstruct the distribution of chemicals in
a three-dimensional (3D) complex system. The current im-
age reconstruction scheme used in SRPT is based on a
filtered back projection (FBP) algorithm that requires at
least 180 angular-dependent projections to rebuild a rea-
sonable SRPT image, resulting in a long total acquisition
time. This is a big limitation for longitudinal studies on live
systems. Methods: We present a sparse-view data-based
sparse reconstruction scheme, in which sparsely sampled
projections at 180 degrees were used to reconstruct the
volumetric information. In the scheme, the simultaneous
algebra reconstruction technique (SART), combined with
total variation regularization, was used for iterative recon-
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struction. To better describe the projection process, a pixel
vertex driven model (PVDM) was developed to act as pro-
jectors, whose performance was compared with those of
the distance driven model (DDM). Results: We evaluated
our scheme with numerical simulations and validated it for
SRPT by mapping lipid contents in adipose cells. Simula-
tion results showed that the PVDM performed better than
the DDM in the case of using sparse-view data. Our scheme
could maintain the quality of the reconstructed images even
when the projection number was reduced to 15. The cell-
based experimental results demonstrated that the proposed
scheme can improve the imaging speed of the current FBP-
based SRPT scheme by a factor of 9–12 without sacrific-
ing discernible imaging details. Conclusion: Our proposed
scheme significantly reduces the total acquisition time re-
quired for SRPT at a speed of one order of magnitude faster
than the currently used scheme. This significant improve-
ment in imaging speed would potentially promote the appli-
cability of SRPT for imaging living organisms.

Index Terms—Sparse reconstruction, iterative recon-
struction, stimulated Raman projection, tomography.

I. INTRODUCTION

THE ability to analyze the components in the whole volume
of a three-dimensional (3D) system, such as a cell, tissue

or a living organism, has great value for cell machinery, quan-
titative biology, and systems neuroscience [1]–[5]. Such ability
enables volumetric imaging techniques to be applied for quan-
titative and global measurements in a living organism, and to
facilitate consistency in observations for longitudinal imaging.
A number of imaging techniques have been developed to image
the 3D volume of an entire object. Fluorescence microscopy
through a confocal or a multiphoton approach provides good
sectioning capability with high axial resolution [6], [7]. Such
sectioning method requires tightly focused laser beams to ac-
quire an image stack for 3D reconstruction, which can be time-
consuming [1]. Light-sheet microscopy (LSM) overcame this
limitation by passing a thin plane of light through the sam-
ple to generate planar imaging slices [8], [9]. Providing high
resolution images with high speed, LSM enables the dynamic,
long-term, and 3D imaging of the specimens ranging from single
cells to whole embryos [10]–[13]. However, this method has the
potential of degenerating the image quality when the distance
between the sample surface and the objective increases [14].
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Optical projection tomography (OPT) can eliminate the image
quality deterioration induced in LSM by rotating the sample
by 360 degrees around an axis perpendicular to the light path
[14]. OPT can produce a 3D image of a specimen with high-
isotropic spatial resolution, and the size of the specimen can be
up to several millimeters [1], [15]–[19]. Although the above-
mentioned fluorescence based volumetric imaging techniques
are powerful for quantifying cellular proteins or DNA, they are
not suitable to analyze cellular metabolites. The fluorescent la-
beling has low specificity to label distinct metabolites and can
strongly perturb biological functions [2]. Therefore, a label-free
volumetric imaging approach that can image a 3D volume in a
chemically-selective manner is needed.

Based on the Raman scattering effect that reflects fingerprint
information of chemical bond vibrations, spontaneous Raman
microscopy can map the chemical composition of a sample in
a label-free manner [20], [21]. It possesses high-specificity to
image cell metabolites in biological samples [21]. However,
spontaneous Raman scattering is a weak process, preventing its
applications on a large volume even when implemented via a
light-sheet or tomography [2], [22]–[30]. The low signal levels
block the imaging speed and the strong emission of autofluores-
cence might hamper or even overwhelm the weak Raman signals
[22]. On the other hand, Raman tomography provides low spa-
tial resolution at the scale of millimeters because of the physical
nature of the diffused light transport in the medium [31].
Coherent Raman scattering microscopy, including coherent
anti-Stokes Raman scattering (CARS) and stimulated Raman
scattering (SRS) microscopy [2], [32]–[36], have been reported
to enhance the low levels of the Raman signal and prevent
strong autofluorescence. However, these Raman-mediated
approaches are still subject to the same problems as with
confocal-based sectioning imaging for the volumetric chemical
imaging. Recently, we reported a stimulated Raman projection
tomography (SRPT) method to enable high-speed volumetric
chemical imaging of 3D complex systems [37]. This imaging
technology utilized Bessel beams to excite molecular vibrations
through the SRS process and provided identical spectral
information as that of the spontaneous Raman spectroscopy
while significantly improved the imaging speed. We have
demonstrated that SPRT can be applied to perform 3D imaging
of lipid contents in adipose cells within 3 min.

In SRPT, the Bessel beams were scanned in two dimensions
to obtain stimulated Raman projection (SRP) images. A series
of projection images as a function of the sample rotation angle
were used to recover the chemical distribution in a 3D sam-
ple volume. The current image reconstruction scheme used in
SRPT is based on a filtered back projection (FBP) algorithm.
The FBP requires a minimum of 180 angular-dependent pro-
jections to reconstruct a reasonable SRPT image. Such a high
number of projection images prevent further improvement of
the imaging speed. Therefore, it is highly desirable to reduce
the required number of projections to decrease both the total
acquisition time and the excitation light dose to the sample for
longitudinal studies of living systems. In this work, we present
a sparse-view data-based sparse reconstruction scheme to

accelerate the imaging speed of SRPT by using the sparsely
sampled projections at 180 degrees to reconstruct the volumet-
ric information of a specimen. In the scheme, the simultaneous
algebra reconstruction technique (SART), combined with total
variation (TV) regularization, was used for iterative reconstruc-
tion. TV regularization-based reconstruction methods are pop-
ular in field of sparse-view or few-view computed tomography
[38]–[42]. To better describe the projection process, a pixel ver-
tex driven model (PVDM) that was borrowed from the separable
footprint model [43] was developed and used as the projectors.
The PVDM was specially modified to make it more suitable for
the parallel beam based SRPT, and its performance superiority
was then demonstrated by comparing with the distance driven
model (DDM). The performance of the proposed scheme was
first evaluated with a series of numerical simulations and then
its potential for SRPT application was exemplified by mapping
lipid contents in adipose cells. Our results collectively demon-
strate that the proposed scheme can reconstruct SRPT images
with much fewer projections than using the FBP algorithm, and
can improve the imaging speed by at least one order of mag-
nitude. This significant improvement in imaging speed would
potentially promote the applicability of SRPT for imaging living
organisms.

II. METHODOLOGY

A. Forward Modeling of SRPT

The SRPT imaging system has been described in our previous
work [37]. Briefly, two Bessel beams generated by a pair of axi-
cons and an objective lens were utilized as the pump and Stokes
beams. Due to the considerable focal lengths of the Bessel beams
[44], the detectable SRP signal may be an integration of SRS
generation along with the Bessel beam Rayleigh length (or of
the interaction length between the beams and the sample) [37]:

SSRP = B

∫ d
2

0
r′J2

0 (βp (r′ − r0)) J2
0 (βS (r′ − r0)) dr′

×
∫ L2

L1

C (r0 , z) Pp (r0 , z) PS (r0 , z) dz (1)

in which SSRP is the detected SRP signal by photodiode; d is the
diameter of the Bessel beam’s central lobe; r0 is the center of the
Bessel beam’s central lobe; J0(·) is the 0th order Bessel function;
B, βp and βS are constants which can be found in existing
literature [37]; L2 − L1 indicates the thickness of the sample
(within the Rayleigh length); C(r0 , z) is the distribution of the
imaginary element of the third-order nonlinear susceptibility
χ(3) at the center of the Bessel beam’s central lobe along the
beam propagation direction of z; Pp(r0 , z) and PS (r0 , z) are the
powers of the pump and Stokes beams respectively. In SRPT,
because the sizes of the pump and Stokes beams are very small,
the powers can be regarded as the average power on the focusing
plane. Moreover, the central lobe intensity of the Bessel beams
passing through the sample can be constant if the sample is
always within the depth of focus of the beams. In this case,
Pp(r0 , z) and PS (r0 , z) can be recorded as Pp(r0) and PS (r0).
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In SRPT, both single point excitation and single point detec-
tion were employed, while the connection between the excitation
and detection points were approximated as being perpendicular
to the sample plane. Therefore, the SRPT can be considered
as parallel beam imaging. By scanning the Bessel beams two-
dimensionally on the lateral plane, we can generate a projection
image at a certain rotation angle. This generated projection im-
age can be calculated according to the following equation by
changing the position of r:

S (r) = BJ (r)
∫ L2

L1

C (r, z) dz (2)

where S(r) is the SRP signal at position of r; J(r) =
Pp(r)PS (r)

∫ d
2

0 r′J2
0 (βp(r′ − r))J2

0 (βS (r′ − r))dr′; C(r, z)
is the imaginary element of the third nonlinear susceptibility
at position of (r, z); (r, z) are coordinates for the lateral and
propagation directions of the Bessel beams.

By rotating the sample with a step of a small angle, a num-
ber of angular-dependent projection images can be found and
utilized to reconstruct the SRPT image:

S (r; θ) = BJ (r; θ)
∫ L2 (θ)

L1 (θ)
C (r, z) dz. (3)

where S(r; θ), J(r; θ), L1(θ) and L2(θ) are the corresponding
values at different projection angles.

Equation (3) demonstrates the forward model of SRPT. Using
this equation, we can determine angular-dependent projection
images as long as we are aware of all the relevant informa-
tion about the laser beams and the sample. The reconstruction
of SRPT recovers the distribution of the imaginary element of
the third-order nonlinear susceptibility (C(r, z)) from the mea-
sured angular-dependent projection images (S(r; θ)). As can be
seen in the following simulations, 180 angular-dependent pro-
jection images that were utilized for SRPT reconstruction were
generated by projecting the sample to a specific plane while ro-
tating it consecutively at one-degree steps along an axis, using
Eq. (3).

B. TV-Regularized SART Algorithm

Eq. (3) denotes a line integral of C(r, z) from L1 to L2 along
the beam propagation direction. Such line integral represents
the Radon transform of the unknown or reconstructed quantity.
Thus, the forward model of SRPT can be described by the
following matrix equation:

S = RC (4)

where S is the measured SRP image; R is the Radon transform;
C is the (unknown) distribution of the imaginary element of the
third-order nonlinear susceptibility.

If we acquire a complete data set, the recovery of C from
the noisy measurement S can be achieved by applying the FBP
algorithm. If the measurements are incomplete, the SRPT im-
ages can be reconstructed by solving the following optimization
problem:

C̃ = arg min
1
2
‖S− RC‖22 + λΦT V (C) (5)

where C̃ is the reconstructed distribution of the imaginary ele-
ment of χ(3) ; λ is the regularization parameter and ΦT V (C) is
the TV regularization term [38]:

ΦT V (C) =
∑
s,t

√
(Cs,t − Cs−1,t)

2 + (Cs,t − Cs,t−1)
2 (6)

where the subscripts s, t are the pixel indices in matrix C.
The minimization problem in Eq. (6) can be solved by using

various optimization algorithms, such as the steepest descent
method and the conjugate gradient method. Here, we used the
steepest descent method to determine the steepest descent di-
rection for the TV based minimization problem in Eq. (6) [38]:

ds,t =
2Cs,t − Cs−1,t − Cs,t−1√

� +(Cs,t − Cs−1,t)
2 + (Cs,t − Cs,t−1)

2

− Cs+1,t − Cs,t√
� +(Cs,t − Cs−1,t)

2 + (Cs,t − Cs,t−1)
2

− Cs,t+1 − Cs,t√
� +(Cs,t − Cs−1,t)

2 + (Cs,t − Cs,t−1)
2

(7)

where � is a very small positive number. The steepest descent
direction can be expressed by the vector d and its unit vector is
denoted as d̂.

The solution to the minimization problem in Eq. (5) can be
obtained using the SART, which is iterated as [45]:

C
(k+1)
j = C

(k)
j + α

∑
i∈Iϕ

[
rij

Si−Ri ·C (k )∑ N
n = 1 ri n

]
∑

i∈Iϕ
rij

(8)

where Iϕ represents the set of index of rays passing through
the jth pixel of the reconstructed image when projecting from
angle ϕ; rij denotes the weight of the jth pixel contributing to
the ith ray; N is the total number of pixels in the reconstructed
image; Ri is the ith row of the projector; k is the number of
corresponding iterations; α is the relaxation factor.

The step-by-step procedure of the TV-regularized SART
algorithm can be summarized as [42], [46], [47]:

1. Initialization: C = 0, C0 = C;
2. SART iteration reconstruction using a projection model;
3. Positivity constraint is imposed on the reconstructed

image:
Cj = 0 when Cj < 0

4. Compute the residual: dimg = |C− C0 |;
5. Compute TV minimization term by repeating the follow-

ing operation Ngrad times:
Computing d and d̂ by using Eq. (7);
Update: C← C− λdimg d̂;

6. C0 = C;
7. Repeat Step 2 to Step 6 until there is no considerable

change between two adjacent iterations.
There are several parameters which are both crucial and es-

sential, including regularization parameter λ, relaxation factor
α, iteration number N of SART, and iteration number Ngrad

of TV. Existing research show that we can empirically deter-
mine these parameters [38], [39], [46]–[50]. To conduct the
comparisons under the same condition, parameters were set as:
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Fig. 1. Diagram of the pixel vertex driven projection model for the par-
allel beam illumination. w1 and w2 represent the lengths of the upper
and lower edges of the trapezium, while h is the height of the trapezium.

λ = 0.08, α = 1/(1 + 0.5(n− 1)) (n is the current iterative
number of SART), N = 50, and Ngrad = 10 in the simulations
and experiments which follow.

C. Pixel Vertex Driven Projection Model

In the TV-regularized SART algorithm, we needed to repeat-
edly calculate projectors during iterative process, as stated in
Step 2. The accuracy and computational burden of such pro-
jectors are major challenges for iterative reconstruction. The
pixel vertex driven model (PVDM) was deduced from the sep-
arable footprint (SF) projector by assuming that the parallel
beam projection was performed in SRPT. The SF projector has
been reported to be more accurate and efficient than that of the
distance-driven model (DDM), as can be seen in Supplemen-
tary Figure S1, whose capability has been demonstrated in the
cone-beam computed tomography [43]. Here, we made some
modifications on the SF projector so that it can be applied to
parallel beam SRPT. Such PVDM was used to determine the
projector of R in Eq. (5) or (8).

Fig. 1 shows the diagram of the PVDM projection model for
the parallel beam illumination, where the red rectangle frames
the projection of one pixel on the detector. In the forward projec-
tor, projecting four vertices of one pixel onto the detector along
the beam illumination direction provides the ladder-shaped foot-
print. In some particular cases, the shape of the footprint can
be a rectangle at the projection angles of 0o, 90o, 180o, and
270o, or it can be a triangle at the angles of 45°, 135°, 225°,
and 315°. Such diverse projection shapes make the PVDM best
approximate the actual physical process of parallel beam pro-
jection imaging. The footprint intersects with the detector, and
the intersection area denotes the weight of the pixel to the de-
tector. The whole area of one footprint is set to be unity. The
weight and the coordinates of the pixel are then recorded for the
subsequent back projection. There are ten kinds of intersections
for the determination of weight values, as shown in Fig. 2. The
calculation of weight values for the ten intersections are detailed
in the Appendix.

D. Assessment of Image Quality

Two evaluation indices, structural similarity (SSIM) and root
mean square error (RMSE), were used to evaluate our sparsely

Fig. 2. Ten kinds of intersections for the determination of weight value.

reconstructed results. SSIM compares the local patterns of nor-
malized pixel intensities in terms of luminance and contrast
[51], [52]. The closer the SSIM is to unity, the better the
sparsely reconstructed result is. The SSIM can be calculated
as:

SSIM (R,A) =
(2μRμA + c1) (2σRA + c2)

(μ2
R + μ2

A + c1) (σ2
R + σ2

A + c2)
(9)

where μR and μA are the average values of the reconstructed
and reference images, respectively; σR and σA are the stan-
dard deviations of the reconstructed and reference images,
respectively; σRA is the covariance between them; c1 and
c2 are the constants related to the dynamic ranges of the
images.

The RMSE is a type of numerical index that can be used
to measure the accuracy of an image restoration. The smaller
the RMSE, the more accurate the sparsely reconstructed image.
RMSE can be calculated as follows [53]:

RMSE =
√∑

x,y

(
Cx,y − C∗x,y

)2
/N (10)

in which Cx,y and C∗x,y are the reconstructed and reference val-
ues of the imaginary element of χ(3) on each pixel and N is the
pixel number. Here, the original image was used as the reference
image for simulation comparisons, and the image reconstructed
by using 180 projections was selected as the reference image
for the single cell experiment.
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Fig. 3. Original images of (a) the modified Shepp-Logan model and
(b) a cross-section view of the Arabidopsis silique model.

III. EXPERIMENTS AND RESULTS

In this section, we describe how the validity and the appli-
cation potential of the proposed fast SRPT were evaluated with
numerical simulations and a single cell based experiment. In
the simulations, we compared the sparsely reconstructed im-
ages with the original image to determine the minimum number
of projection images. A single adipose cell based experiment
was also conducted to determine whether the imaging speed
efficiency of the proposed SRPT is improved relative to that of
the Gaussian beam based SRS sectioning imaging.

A. Simulation Verification

The validity of the proposed TV-regularized SART algorithm
was evaluated with two groups of numerical simulations. In
the evaluation, the data sets employed for sparse reconstruction
were constructed by equally sampled complete projections in
a half circle, consisting of 180, 90, 60, 45, 36, 30, 15, 9, and
6 projections respectively. For comparisons, the DDM based
TV-regularized SART algorithm and the FBP algorithm were
applied as the references. A Ramp filter was utilized in the FBP
algorithm [54]. For a fair comparison, the same data set was
utilized for all three algorithms. The data set was generated by
using discrete form of Eq. (3), whose process was very similar
to ray-driven model. The generation process can be described
as follows. First, by fixing the position of r and the projection
angle of θ, the SRP signal can be calculated by integrating Eq. (3)
along a light ray. Second, by changing the position of r two-
dimensionally, a SRP image can be generated by calculating the
SRP signal at each position. Last, a data set of angular-dependent
SRP images can be obtained by changing the projection angle
of θ and generating the SRP image at each projection angle. To
ensure the accuracy of forward projection data, we discretized
the detector into 1024 pixels.

First, a modified Shepp-Logan model was used to perform the
evaluation simulations [17]. Fig. 3(a) shows the original image
of the modified Shepp-Logan model, and the reconstructed im-
ages by three algorithms using 180, 60, 30, 15, and 9 projections
are presented in Fig. 4. Fig. 4(a1–a5) depicts the reconstructed
images of the PVDM based TV-regularized SART algorithm,
Fig. 4(b1–b5) shows those of the DDM based TV-regularized
SART algorithm, and Fig. 4(c1–c5) displays those of the FBP
algorithm. We observed that almost the same performance was
obtained by the PVDM and the DDM based TV-regularized

Fig. 4. Reconstructed results of the modified Shepp-Logan model
based simulation. The results reconstructed by the (a) PVDM based
SART, (b) DDM based SART, and (c) FBP algorithms. Symbols (1)–(5)
represent the number of projections used for reconstruction consisting
of 180, 60, 30, 15, and 9 projections, respectively.

SART algorithms, which were much better than that obtained
by the FBP algorithm. Furthermore, we also found that good
quality of the reconstructed images could be maintained even
when the projection number was decreased to 30. When the
number of projections was reduced to 15, there was some blur
observed in the reconstructed images and small details could
not be distinguished. Even worse, no acceptable images could
be reconstructed when the number of projections was reduced
to 9. To quantitatively evaluate the quality of the reconstructed
images, we calculated the SSIM and RMSE values. Fig. 5(a)
and 5(b) show the changes of the SSIM and RMSE values as a
function of the projection number respectively. Almost the same
performance conclusions were drawn from the SSIM and RMSE
curves. The SSIM and RMSE values changed slightly when the
projection number was no smaller than 30 for iterative algo-
rithms. However, it decreased (SSIM) or increased (RMSE) dra-
matically when the number of projections was smaller than 15.
Importantly, the proposed PVDM based TV-regularized SART
algorithm provided better results than the DDM based one in
the sparse views case, for example the projection number was
not larger than 60 in this simulation.
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Fig. 5. Comparison of SSIM and RMSE values between images reconstructed by three algorithms and the original image. (a), (b) SSIM and RMSE
values as a function of projection number in the modified Shepp-Logan model-based simulation; (c), (d) SSIM and RMSE values as a function of
projection number in the Arabidopsis silique model-based simulation. Blue asterisk lines represent results of the PVDM based SART algorithm,
black circle lines are results of the DDM based SART algorithm, and magenta square lines are those of FBP algorithm. Here, the threshold (solid
red lines) is defined as 95% of the best SSIM.

Second, an Arabidopsis silique model was utilized as a phys-
ical model in order to generate forward projection images and
measure the performance of the proposed algorithm further.
Fig. 3(b) shows one cross-section of the original image of Ara-
bidopsis silique model. Fig. 6 presents the images reconstructed
from the sparsely sampled data sets consisting of, respectively,
180, 60, 30, 15, and 9 projections, where the left column shows
the results of the PVDM based TV-regularized SART algo-
rithm, the middle column displays the DDM based results, and
the right column shows those obtained from the FBP algorithm.
Once again, better performance was obtained by applying the
iterative algorithms than the FBP. The distribution and shape of
the targeted objects could be well recovered by using as little as
30 projections. Even when the projection number was reduced
to 15, the reconstructed image still showed little blur. A little
distorted or displaying artifact interference was aroused when
the number of projections was reduced to 9. The calculated
SSIM and RMSE values shown in Fig. 5(c) and 5(d) also gave
the same conclusion. It should be noted that the PVDM based
TV-regularized SART algorithm provided better results than
the DDM based one when the projection number was smaller
than 30, showing the good ability in sparse reconstruction from
sparse-view data. These results collectively indicate that our

TV-regularized SART algorithm can provide satisfactory or ac-
ceptable reconstructed images (SSIM > 0.9) even when the
number of projections is reduced to 15, leading to a 12-fold
improvement in imaging speed compared to the current SRPT
scheme.

Although the TV-regularized iterative algorithms performed
better than the FBP algorithm especially in the case of sparse-
view data, they have over-smoothing effects on tiny details. We
can see that the images reconstructed by the FBP algorithm look
quite sharp in the few-view cases. Even with 15 or nine views,
when the images reconstructed by the TV-regularized SART
algorithm have been blurred, the edges of the structures in the
FBP images are still visible, despite the conspicuous streaks. In
the modified Shepp-Logan phantom, there are six dots near to
the right side of the skull that are still visible in 15- and nine-
view reconstructions, as shown in Figs. 4(c4) and 4(c5). In order
to observe this phenomenon more intuitively, we extracted a line
across two of six dots in the modified Shepp-Logan phantom,
as labeled in Fig. 7(a). Figs. 7(b)–7(f) plot the extracted lines
of the three reconstruction algorithms by using 180, 60, 30,
15, and 9 projections respectively. The same conclusion can
be drawn; which is that the FBP algorithm had a better detail
resolution ability in few-view cases. This may be caused by the
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Fig. 6. Reconstructed results of the Arabidopsis silique model-based
simulation. The results reconstructed by the (a) PVDM based SART,
(b) DDM based SART, and (c) FBP algorithms. Symbols (1)–(5) repre-
sent the number of projections used for reconstruction consisting of 180,
60, 30, 15, and 9 projections, respectively.

use of TV regularization, which may over-smooth edges and
details [42], [55], [56]. This smoothing effect was influenced
by the parameters of the TV regularization. We investigated
this potential influence by changing the parameter of Ngrad .
We discovered that the larger the Ngrad , the more smoothing
the effect would be. If the Ngrad was too small, the quality of
the reconstructed image would be worse (see Supplementary
Figure S2).

B. Applicability-Potential Demonstration

To further explore the potential of the proposed fast SRPT for
live cell imaging, we three-dimensionally imaged lipid droplets
(LDs) in adipose cells. Here, differentiated 3T3-L1 cells were
used for testing [37]. As a mouse derived cell line, 3T3-L1 is
widely used for adipogenesis studies [57], and can differentiate
into adipose cells, which accumulate LDs in the cytosol un-
der certain conditions. After the cells were cultured for some
time, they were first mixed with 1.5% (w/v) agarose gel in PBS
solution. The gel mixture was allowed to set in a cylindrical
capillary tube with an inner diameter of ∼50 microns. The tube
was mounted onto a homemade sample holder for imaging dur-
ing sample rotation [37]. The rotation was performed at 1o per

Fig. 7. Investigation of the detail-resolved ability of different algorithms.
(a) Curve extraction position (marked with a red line); (b)–(f) Compar-
isons of different algorithms with the original line. Blue lines represent the
results of the PVDM based SART algorithm, black lines are results of the
DDM based SART algorithm, magenta lines are those of FBP algorithm,
and red lines represent the curves of the original image. (b)–(f) show
comparison results for 180, 60, 30, 15, and 9 projections, respectively.

step for acquisition of 180 projection images. The image pixel
dwell time was set to 10 μs and each image contained 300 ×
300 pixels. Other imaging parameters were setup as described
in our previous publication [37].

The collected projection images were first pre-processed for
de-noising and compensation, and then used for reconstructing
the distribution of lipids in the cell. By comparing the simulation
results with the original image, we had found that the image re-
constructed by the iterative algorithms had much better quality
than that reconstructed by the FBP algorithm, with the SSIM
values being higher even when using 180 projections. Therefore,
the image reconstructed by the PVDM based SART algorithm
from 180 projections was used as the reference to evaluate the
performance of the reconstruction from the sparsely sampled
data. Fig. 8(a) shows the image reconstructed by the FBP algo-
rithm with 180 projection images, and Fig. 8(b)–(h) show the
reconstructed cell and distribution of lipids inside the cell by
using 180, 90, 60, 36, 30, 15, 9 projections, respectively. We
observed that the quality of the reconstructed image was well
maintained until the projection number was reduced to 30. A
little distortion could still be seen when the number of the pro-
jection was decreased to 15, with little differences observed in
the fine structures at the edge of the cell. Obvious differences
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Fig. 8. Reconstructed results of the lipid content in a single adipose
cell using the FBP algorithm and the proposed SRPT-based imaging
scheme. (a) Image reconstructed by the FBP algorithm with 180 projec-
tion images; (b)–(h) One section of images reconstructed from sparsely
sampled data sets consisting of 180, 90, 60, 36, 30, 15, and 9 projections,
respectively.

Fig. 9. SSIM (a) and RMSE (b) values obtained from the images recon-
structed by the PVDM based SART algorithm and the reference image.

were observed in morphology until the number of projections
was reduced to 9. The SSIM and RMSE values as a function of
the projection number were also calculated and shown in Fig. 9,
and these results also indicated that a minimum projection num-
ber of 30 was required to remain a relatively good reconstruction
fidelity. The SSIM value between the images which are recon-
structed by the FBP and the PVDM based SART algorithms
was 0.9551, and the RMSE between them was 0.3978. By com-
bining the analysis results shown in Fig. 8 and Fig. 9, we could
obtain an acceptable reconstructed image when the number of
projections was set at around 20. These cell-based experimental
results demonstrate the applicability potential of the proposed
PVDM based SART algorithm for fast imaging of a single adi-
pose cell. Currently, the image reconstruction scheme used in

SRPT is based on the FBP algorithm that requires 180 projection
images to rebuild a volumetric image [37]. Thus, the algorithm
improved the imaging speed by a factor of 9–12 without sacri-
ficing discernible imaging details.

IV. DISCUSSION

Due to the non-diffractive property of Bessel excitation
beams, SRPT can resolve the 3D distribution of chemicals in
a volume through projection imaging and tomographic image
reconstruction. The label-free approach in SRPT provides in-
dispensable advantages for imaging living systems. Although
the FBP algorithm has been applied to reconstruct a 3D image
by SRPT, the high number of projection images required is the
bottleneck for improving imaging speed. The slowing down of
speed also increases the sample exposure time under intense
lasers, augmenting the photo-toxicity risk for living samples.
Our newly developed sparse-view data-based sparse reconstruc-
tion scheme requires only 15–20 projections to reconstruct a 3D
image with acceptable or satisfactory quality. This significant
improvement in imaging speed would potentially promote the
applicability of SRPT for imaging living organisms.

In the simulation, no obvious differences between the images
reconstructed by our proposed scheme and the original image
were observed until the number of projections was reduced
to 30. As the number of projections was reduced to 15, the image
quality was a little worse compared with the original image. This
means that our proposed SRPT scheme is around 6∼12 times
faster than the FBP based algorithm. For the adipose cell based
experiment, the minimum number of projections required for
reconstruction could also be reduced to 20 or less, which delivers
a speed at least 9 times faster than the FBP algorithm. This meant
that image acquisition time can be improved from 162 seconds
(as in our previous study [37]) to∼16 seconds, which is crucial
for longitudinal studies of live systems. In our previous study
[37], we have shown that the SRPT was four times faster than the
Gaussian beams based SRS sectional imaging for imaging 3D
volumes. Implemented with the sparse-view data-based sparse
reconstruction, the SRPT provides at least an order of magnitude
improvement in 3D imaging speed compared to the conventional
Gaussian beams based SRS imaging.

Like reconstruction algorithm, the projection model is also an
important part of iterative reconstruction method in SRPT. Ac-
curacy and computational burden are the main factors we need
to consider when choosing projection models. As can be seen
from Supplementary Figure S1, PVDM that was deduced from
the separable footprint projector has better accuracy than DDM.
Especially when the number of projection images is relatively
small, the PVDM based reconstruction method shows better
image restoration ability (Figs. 4–6). However, the computation
time of PVDM is longer than that of DDM. The computation
time of PVDM based algorithms is approximately three times
longer than the DDM based ones when using 180 projections;
this factor decreased as the number of projections decreased
(can be seen from Supplementary Figure S3).

Although the image acquisition time can be reduced by
the fast SRPT scheme, reconstruction also takes extra time
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compared to the FBP based SRPT scheme. In the fast SRPT
scheme, the calculation of the projectors introduced an addi-
tional time-consuming step as compared to the FBP based SRPT
scheme. In addition, the cost of the total variation based iteration
is slightly higher than that of the FBP reconstruction. Typical
reconstruction time of the PVDM based TV-regularized SART
algorithm is around 350 seconds, which is two orders of magni-
tude higher than the FBP algorithm (three seconds). Fortunately,
both the calculation of projectors and the iteration reconstruc-
tion can be accelerated by applying the graphic processing unit
technique. Furthermore, the quality of the images reconstructed
by the fast SRPT scheme was much better than that obtained by
the FBP algorithm, even when using 180 projections (Fig. 4 and
Fig. 6).

V. CONCLUSION

In conclusion, a sparse-view data-based sparse reconstruction
scheme is proposed for SRPT, which combines the PVDM,
TV regularization, and SART iteration to reconstruct the 3D
distribution of chemicals at a speed of one order of magnitude
faster than the FBP based SRPT. We believe that this work
will facilitate basic and preclinical applications of the SRPT
technique.

APPENDIX

The calculation of the weight value for the ten kinds of inter-
sections is detailed as follows.

Case shown in Fig. 2(a):

ω =
1
2
x2 tan β (A1)

Case shown in Fig. 2(b):

ω =
1
2

(x + y) h (A2)

Case shown in Fig. 2(c):

ω = S − 1
2
x2 tan β (A3)

Here, S is the whole area of one footprint.
Case shown in Fig. 2(d):

ω = S − 1
2
x2

1 tan β − 1
2
x2

2 tan β (A4)

Case shown in Fig. 2(e):

ω = dh (A5)

Here, d is the size of the detector.
Case shown in Fig. 2(f):

ω =
1
2

(d + x2 + x1) h− 1
2
x2

2 tan β (A6)

Case shown in Fig. 2(g):

ω =
1
2

(d + x2 + x1) h− 1
2
x2

2 tan β (A7)

Case shown in Fig. 2(h):

ω = S − 1
2
x2 tan β (A8)

Case shown in Fig. 2(i):

ω =
1
2

(x + y) h (A9)

Case shown in Fig. 2(j):

ω =
1
2
x2 tan β (A10)
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